Purpose: Several different multivariate prediction models using routine clinical variables or multigene signatures have been proposed to predict pathologic complete response to combination chemotherapy in breast cancer. Our goal was to compare the performance of four conceptually different predictors in an independent cohort of patients.
Not all patients with breast cancer respond to chemotherapy, and different drugs induce different responses in different patients. Therefore, molecular predictors that identify who may benefit from what drug with sufficient accuracy could aid treatment selection. Accurate response predictors could also streamline drug development and facilitate the conduct of clinical trials through the identification of patients who do or do not benefit from existing therapies. Several investigators suggested that cell linederived predictors are useful to predict response to chemotherapy in patients (1, 2) . A commonly used strategy is to use gene expression data and in vitro drug response information from the NCI-60 or other cell line panels and use these information to develop drug-specific pharmacogenomic response predictors than can be applied to human data (3) (4) (5) . It is also possible to develop multigene predictors of response to therapy from supervised analysis of gene expression data using human cancers with known response to chemotherapy (6, 7) . Many routinely available clinical variables are also associated with chemotherapy sensitivity in breast cancer. Estrogen receptor (ER)-negative, highgrade, and HER2-positive cancers all tend to show greater sensitivity to chemotherapy, and these variables can also be combined into a fairly accurate multivariate prediction model (8) .
The goal of the current study was to compare the predictive accuracy of four conceptually different predictors. Each predictor was applied to the same 100 cases of breast cancers that received uniform preoperative chemotherapy and were not included in the predictor development process. Each of these cases received neoadjuvant chemotherapy with paclitaxel followed by 5-fluorouracil (5-FU), doxorubicin, and cyclophophosphamide (T/FAC), and pathologic response was assessed. The four predictors included the following; (a) a clinical variable-based nomogram to predict pathologic complete response (pCR; ref. 8) , (b) a 30-probe set pharmacogenomic predictor that was developed from the supervised analysis of 81 breast cancers that received T/FAC preoperative chemotherapy (7) , (c) a cell line-derived response marker that combined individual drug-specific predictive signatures from the NCI-60 cell line data (1); and (d) a revised cell line-derived predictor that used human gene expression data to train a prediction model that used drug-specific sensitivity features selected from the cell lines. Each of these predictors was finalized before application to the current validation data set.
Materials and Methods
Patients and materials. Gene expression data from 100 stage I to III breast cancers were generated at the University of Texas M.D. Anderson Cancer Center. These patients were prospectively and sequentially accrued to a pharmacogenomic marker discovery trial. None of these cases were included in the development process of any of the four predictors. Gene expression profiling was done on fine-needle aspiration specimens of newly diagnosed breast cancers before any therapy. These specimens contain 70% to 90% neoplastic cells with minimal stromal contamination (9) . All patients signed informed consent for genomic analysis of their cancer. Patients received 6 mo of preoperative T/FAC chemotherapy followed by surgical resection of the cancer. No patient received preoperative trastuzumab in this study. The clinical characteristics of the patient population are presented in Table 1 . Response to chemotherapy was dichotomized as pCR [no residual invasive cancer (RD) in the breast and lymph nodes] or RD. The prognostic importance of pCR has extensively been discussed in the literature (10, 11) .
Gene expression profiling. RNA extraction and gene expression profiling were done in multiple batches over time as described previously (7) . Normalization and quality control assessment of the hybridization results were done with the SimpleAffy software of the Bioconductor package 8 (Supplementary Materials and Methods). All CEL files are available at the GEO Web site (accession number GSE16716, Microarray Quality Control Consortium II data set).
Statistical analysis. The clinical variable-based nomogram to estimate the probability of pCR was applied as it was described in the original publication (8) . It is also available as a free Web-based tool. 9 The overall development and validation schema for the three genomic predictors is illustrated in Supplementary Fig. S1 . The DLDA30 predictor uses diagonal linear discriminant analysis (DLDA) to calculate a prediction score based on the expression of 30 probe sets that are differentially expressed between cases with pCR and RD to neoadjuvant T/FAC chemotherapy (7). This predictor was trained and the threshold was defined on a discovery set of 82 cases. For this analysis, the current gene expression data were normalized using the dCHIP V1.3 software and the same code was used to perform prediction estimates as described in the original publication. 10 The in vitro coexpression extrapolation (COXEN) gene expression prediction model (GEM) was derived from the microarray data and in vitro drug sensitivity results (1) . Informative probe sets that were associated with paclitaxel, 5-FU, doxorubicin, and cyclophosphamide sensitivity, respectively, were identified from the NCI-60 microarray data. The 10% to 20% most and least sensitive cell lines based on GI 50 values were compared to define the informative probe sets that were further filtered based on the COXEN coefficient, which represents the degree of concordance of expression between cell line and human breast cancer gene expression data (12) . Genes with the highest COXEN coefficient were included in the drug-specific prediction models that used linear discriminant analysis and were trained on the NCI-60 cell lines (13, 14) . A combined score from the four individual drug predictors, assuming their independence, was calculated to generate a combination chemotherapy (T/FAC) predictor 8 http://www.bioconductor.org 9 http://www.mdanderson.org/pcr 10 Code is available at http://bioinformatics.mdanderson.org/pubdata. html.
Translational Relevance
Chemotherapy response predictors can be constructed from clinical variables or from gene expression data of human cancers with known response to chemotherapy, or using data from cell lines with known drug sensitivity. We compared these three methods testing four different a priori defined predictors in 100 cancers treated with neoadjuvant chemotherapy. The clinical variable-based and empirically derived genomic predictors worked equally well but the pure, cell linetrained genomic predictor showed poor performance. Many genes that were informative of drug response in cell lines were not informative in human cancers, and even genes that retained informative value needed to be trained on human data, rather than cell lines, to achieve good predictive performance. The empirically derived genomic response predictor developed from all breast cancers relied heavily on identifying known clinical phenotypes that limits its practical value; the next generation of such markers will need to be developed separately for distinct breast cancer subtypes.
(see Supplementary Materials and Methods). The higher the COXEN score is, the higher is the predicted probability to achieve response to a given drug or combination.
The in vivo COXEN GEMs were developed using the same informative probe sets for each drug as used in the in vitro COXEN GEM described above. However, the linear discriminant analysis classification model for the in vivo COXEN GEM was trained on a publicly available human data set that was used to develop and validate the original DLDA30 model (n = 133; ref. 7). The main difference between the in vivo COXEN GEM strategy and the strategy that lead to the development of the DLDA30 is that the informative features for the in vivo COXEN GEM were derived from cell lines and may represent drug-specific sensitivity markers, whereas the features for DLDA30 were derived from the human data. The performance of the in vitro and in vivo COXEN GEM was evaluated on the 100 new cases blindly. Prediction scores were calculated from the CEL file information provided to the team at University of Virginia without knowledge of the response outcome. The prediction scores were returned to investigators at University of Texas M.D. Anderson Cancer Center to determine correlation with response.
Predictor performances are described using standard metrics including area under the receiver operator characteristic (ROC) curve (AUC), sensitivity, specificity, and positive (PPV) and negative (NPV) predictive values. To calculate the misclassification error rates, we defined the best predictor for each method using the Youden point (YP) on the ROC curve. The Youden index is defined as maximum sensitivity (YP) + specificity (YP) − 1, occurring at the optimum threshold, which is the YP (15) . The YP corresponds to the point on the ROC curve that is farthest from chance and defines predictor thresholds that maximize both the sensitivity and the specificity, and minimize the misclassification rate in a given data set. The sensitivity, specificity, PPV, and NPV for the COX-EN GEM predictors were calculated based on this optimized cutoff that was defined in an external reference set of 133 cases.
Univariate and multivariate logistic regression on pCR/ RD status were done to determine which routine clinical variables and prediction scores were associated significantly with pCR. The routine clinical variables used were patient age, pretreatment tumor size, lymph node status, nuclear grade, ER status, and HER2 status. Patient age, nuclear grade, and all prediction scores were treated as continuous variables. Because some of the prediction scores were a combination of the clinical variables (e.g., the clinical nomogram score), multivariate logistic regression using only the prediction scores were also done. Backward elimination was done during the multivariate regression analysis with a significance level of 0.05 for a covariate to stay in model. To make the odds ratios (OR) comparable across the four predictors, we standardize the four score to a similar scale from 0 to 10.
Results
Prediction performance of the clinical nomogram. We calculated for each patient the probability of pCR using the clinical nomogram and compared the predicted pCR rates to the observed rates. Discrimination (i.e., whether the relative ranking of individual predictions is in the correct order) was quantified with the AUC (16) . Fifteen of the 100 patients had pCR. This is less than what has been observed in the past in a larger series of patients who received the same preoperative chemotherapy (17) . The lower pCR rate in this patient cohort is likely due to the relative absence of HER-2-positive patients, only 7% of cases were HER2 positive in this series compared with the typical 20% to 25% seen in the general population and in the previous study. HER2-positive breast cancers have significantly higher rates of pCR compared with HER2-normal cancers (18) . Their absence from this more recent patient cohort is due to changing clinical practice; in recent years, many HER-2-positive cases received trastuzumab concomitant with chemotherapy in our center (19) . We also assessed calibration that measures agreement between observed outcome frequencies and predicted probabilities of response (Supplementary Fig. S2 ; ref. 16 ). Calibration was less good than previously reported; we observed a significant difference between the predicted probabilities and the observed frequencies. The average difference and maximal differences in prediction and observations were 12% and 33%, respectively (P = 0.006), and showed that the nomogram tended to err toward overestimating the probability of pCR.
Prediction performance of the DLDA30. The 31-gene pharmacogenomic predictor had an AUC of 0.73 (95% CI, 0.65-0.80; Fig. 1 ). Using the previously established threshold, the overall accuracy was 72% (95% CI, 62-81); the sensitivity was 60% (95% CI, 32-84); the specificity was 74% (95% CI, 63-83); the PPV was 29% (95% CI, 14-48); and the NPV was 91% (95% CI, 82-97). These values are similar but generally lower than observed in the previous small validation study (n = 51, AUC = 0.88; 
ref. 7)
. The difference in predictive performance is likely due to the relative absence of HER2-positive cases in this study. The calibration of the DLDA30 was excellent (Supplementary Fig. S2 ).
Prediction performance of the cell line-derived COXEN GEM predictors. We compared the in vitro COXEN GEM chemosensitivity scores between cases with pCR and residual cancer for each drug separately and also in combination. The genes selected as informative for response to individual drugs from the NCI-60 cell lines showed no overlap with the genes included in the DLDA30 predictor (Supplementary Table S1 ). Mean COXEN GEM scores for each drug and the combined score are shown in Table 2 . AUC for the combined score is plotted on Fig.  1 . The results indicate that for three of the four drugs, the purely cell line-derived predictor, could not discriminate response in human patients. However, the AUC for the single-agent paclitaxel predictor was significantly better than random (AUC, 0.64; 95 CI%, 0.56-0.72). It showed a sensitivity of 60% (95% CI, 35-85), a specificity of 65% (95% CI, 55-75), a PPV of 23% (95% CI, 10-36), and a NPV of 90% (95% CI, 83-98) at the cutoff value, which was predetermined on a previous patient set treated with similar chemotherapy by maximizing the Youden index. Next, we tested the in vivo COXEN GEM predictors that were trained on a separate T/FAC-treated patient cohort of 133 cases. The single-drug predictors for both paclitaxel (P = 0.015) and doxorubicin (P = 0.019) had significantly higher mean scores in the pCR cohort but the scores for 5-FU and cyclophosphamide were not significantly different between the two response groups ( Table 2 ). The combined four-drug in vitro T/FAC COXEN GEM score also remained significant (P = 0.028). The AUCs for the paclitaxel and doxorubicin predictors were 0.64 (95% CI, 0.56-0.71) and 0.71 (95% CI, 0.64-0.78), respectively. The combined T/FAC in vivo COXEN GEM had an AUC of 0.67 (95% CI, 0.60-0.74; P < 0.04; Fig. 1 ). However, the calibration of the T/FAC in vivo COXEN GEM was poor, indicating that this predictor overestimated the probability of pCR (Supplementary Fig. S1 ).
The misclassification error rates, at the YP of the ROC, were 0.27 (95% CI, 0.232-0.339) for both the clinical nomogram and the DLDA30 predictor. The misclassification error rates were 0.38 (95% CI, 0.334-0.45) and 0.35 (95% CI, 0.285-0.412) for the in vivo and in vitro COXEN, respectively. In summary, these results indicate that genes identified in cell lines as predictors of response to certain drugs can carry information about response in human cancers. The results also show that this is not true for all drugs and that training of the model, assigning predictive weights to the informative genes, is best done on human cancers with known response rather than on the cell lines from which the informative features were defined.
Correlation between prediction scores. Because all predictors were applied to the same 100 cases, we could examine the correlation between prediction scores. In this analysis, we only examined the three predictors that showed significant discriminating value in the human validation data. Because the clinical nomogram, the DLDA30, and the in vivo T/FAC COXEN GEM scores each represent different scales, their correlation was plotted based on rank. There was a good correlation (r = 0.85) between how the two genomic scores ranked individual patients by predicted sensitivity (Fig. 2) . The rank correlation was somewhat less but still significant for the nomogram and the genomic predictors. These observations suggest that the various predictors place individuals in the same position in a relative sensitivity scale even if they measure different variables.
The result of univariate logistic regression showed that nuclear grade, ER and HER-2 status, clinical nomogram, DLDA30, and in vivo T/FAC COXEN GEM scores were each significantly associated with pCR status (Table 3 ). In the multivariate analysis using both clinical variables and prediction scores, none of these remained significant ( Table 3 ), indicating that the various scores identify similar populations. After backward elimination of nonsignificant covariates, only ER status remained significantly associated with pCR status. In the multivariate analysis using just the three significant prediction scores, clinical nomogram, DLDA30, and in vivo T/FAC COXEN GEM scores, only the clinical nomogram score remained significant after backward elimination.
Discussion
Different subsets of breast cancers have different degrees of chemotherapy sensitivity, and it is increasingly apparent that there are several methods that can estimate someone's probability of response to therapy. ER-negative, highgrade, and HER2-positive cancers have significantly higher rates of response to chemotherapy than other breast cancers; therefore, these clinical variables can be combined to yield a multivariate prediction model. Identification of gene expression differences between responding and nonresponding cases can also yield multigene predictors to commonly used combination chemotherapy regimens. However, these models are not treatment or regimen specific. A theoretically appealing approach is to develop gene expression-based predictors from cell line models in the laboratory. This strategy offers a promise for individual drug-specific predictors that could be combined into multidrug predictors that could be used to select the optimal combination chemotherapy for an individual in the clinic. This approach has also yielded promising results but it is not without controversy (20) (21) (22) . The current study represents a prospective evaluation of four conceptually different previously established predictors of response to neoadjuvant chemotherapy. The results show that both a clinical variable-based model and a genomic predictor developed through supervised analysis of human gene expression data could discriminate between cases with higher and lower probability to achieve pCR to T/FAC chemotherapy. However, both predictors had lesser performance than seen in the original reports that is partly due to a shift in patient population used for this validation study. This illustrates an inherent challenge to clinical biomarker development; as clinical practice evolves over time, patient populations participating in biomarker (or therapeutic) studies also change. In this instance, both the clinical pCR predictor nomogram and the DLDA30 genomic assay were developed for a general breast cancer population including HER2-positve cases. However, contemporary validation of these predictors is limited to HER2-normal cases due to the widespread use of trastuzumab in HER2-positive breast cancer. This shift in patient population likely contributes to the decreased performance of these two predictors.
A theoretical advantage of cell line-derived genomic predictors is that they may be less sensitive to shifts in patient population because, in their original form, these are not trained on a historical patient cohort but rather on clean and easily manipulated in vitro cell line models. However, the purely cell line-derived drug-specific predictors did not perform well; only the paclitaxel predictor showed modest but significant discriminating power in the human cases. To optimally train a predictor that relies on informative genes from cell lines, it was necessary to use information from a separate human data set with known response outcome.
These results raise an important question: why did some of the cell line-derived predictors worked for some drugs but not for others in human cases? For some drugs, it may be easier to find response markers in the RNA space than for others. The mechanisms of drug resistance are substantially more complex in vivo than in vitro. Important patientto-patient differences in drug metabolism and tumor microenvironment (immune response, interstitial pressure, and vascular leakiness) cannot be captured by cell line gene expression data. Considering these complexities, it is remarkable that a cell line-derived paclitaxel (and to lesser degree, a doxorubicin) response predictor retained predictive value in patients at all. To move this field forward, it will be important to systematically examine which cell line-derived response markers retain predictive value in human tumors and why.
Some limitations of this study need to be acknowledged. Our grouping of the validation cases into pCR and RD are clinically justified because cases with pCR have excellent long-term survival most probably due to their chemotherapy sensitivity, whereas those with RD have a variable outcome. However, most cases with RD have some degree of tumor response, and therefore, these cases are not strictly resistant to therapy even if their long-term benefit from chemotherapy remains uncertain. To address the effect of this dichotomization, we also correlated prediction scores with residual cancer burden treated as a continuous response variable, and results have not changed. In addition, the cell line-derived predictors were developed for single agents, and their combination, assuming independence between drug sensitivities, was used to define a multidrug sensitivity score. Our combination score approach may be too naïve to capture the complexity of potential multidrug interactions that can occur during treatment. Unfortunately, genomic data from patients treated with single drugs was not available for validation. The lack of data from patients with different single-agent therapies also limits the ability to truly evaluate the regimen specificity of the cell line-derived signatures. From the current results, it is impossible to infer if the paclitaxel signature represents a general chemotherapy sensitivity marker or if it truly predicts for paclitaxel sensitivity. This is an important question that will need to be studied in future studies.
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